Apps are emerging as an important form of on-line content, and they combine aspects of Web usage in interesting ways -they exhibit a rich temporal structure of user adoption and long-term engagement, and they exist in a broader social ecosystem that helps drive these patterns of adoption and engagement. It has been difficult, however, to study apps in their natural setting since this requires a simultaneous analysis of a large set of popular apps and the underlying social network they inhabit.
INTRODUCTION
There is, or is likely soon to be, a webservice or app for virtually every component of modern life. They are diverse and ubiquitous; they constitute both a backdrop and chronicle of everyday experience. And they represent a broad change in overall patterns of Internet use -both the research community and the media have increasingly begun discussing the "appification of the Web" 1 . Yet empirical opportunities to consider them as a complete ecosystem have been limited, and as a result we still know very little about the population structure of apps -their inherent diversity, their lifecycles, and the ways in which users engage with them.
The high-level characteristics of app engagement as a form of Web use are still the subject of much discussion and refinement, but certain properties emerge independent of any one particular app's functionality -these include temporal properties, based on longrunning patterns of individual usage and engagement over time, and social properties, in which an individual will typically be a user of many apps with overlapping functionality, in a broader social environment that is bootstrapped to create within-app social activity.
To address these issues, we study the collection of apps on Facebook Login, making use of anonymized aggregate daily usage logs of the apps and web services accessible through this mechanism. We undertake our analysis on two levels of scale -the individual level, focusing on the properties of user behavior over time and in relation to other users; and the app level, modeling the overall usage level of the app and the social structure on its users.
At the temporal level, we develop a user retention model, showing how with a small number of parameters we can approximate the probability that a user who adopts an app at time t will continue to be using it at a future time t + ∆. The model exposes the ways in which usage decay has a time-dependent component, and provides us with a compact set of parameters representing a particular app's engagement profile that can then be used in higher-level tasks. When we consider the app's user population as a whole, we are led to natural lifecycle modeling and prediction questionsgiven an app's history up to a given point in time, how well can we predict its number of users going forward? Interesting recent work of Ribeiro [17] considered this question using time-series data for several large Web sites; we show how a broad range of feature categories -including our derived retention parameters, together with individual characteristics of the app's users and the social network structure on its full user population -can lead to strong prediction results across a wide diversity of apps.
At the level of app social structure, we show how the space of all the popular apps on Facebook Login can be organized in a twodimensional representation whose axes correspond to popularitythe raw number of users -and sociality -the extent to which users of the app have friends who are also users of the app. This representation exposes certain global organizing principles in the full app population, including a pair of complementary "frontiers" to the space -one containing apps whose sociality is relatively fixed independent of their popularity, and one in which the sociality of the app's user population is not much greater than that of a random set of Facebook users of comparable size.
Finally, we perform an analysis of social characteristics at the individual user level, analyzing the Facebook users who are one step away from an app in the social network -a set we can think of as the "periphery" of the app, containing people who are not yet users of the app, but have friends who are users. For a person in an app's periphery, we can attempt to predict future adoption of the app based on individual characteristics and network structure. We find that apps are diverse in the way in which the structure on a user's friends is related to adoption probabilities, and we find an interesting effect in the interactions among individual characteristics: a user's probability of adopting an app depends on the three-way relationship among their own attributes, the attributes of their friends who use the app, and the modal attributes of the full population of app users.
DATA
The data for this study comes from anonymized logs of Facebook Login daily activity, collected between January 2009 and June 2014. Facebook Login is a secure way for Facebook users to sign into their apps without having to create separate logins.
The various analyses in this paper required different slices of these logs, both considering the observation window and the apps being observed. Table 1 summarizes the different subsampled data sets that will be referred to throughout this work. The data for this study has granularity of one day; that is, we have logs about whether an individual uses a specific app on each day. All user level data is de-identified. Table 1 : Summary of data sets considered in this paper. DAU and MAU refer to Facebook Daily Active Users and Monthly Active Users, respectively. Our initial overview analyses consider APPSRAND, while our subsequent and in-depth analyses consider APPSP OP and, as occasion permits, various subsets of it (APPS P OP {X} ). Unless otherwise noted, subsampling in this work is done on apps, not on users.
The frequency with which the Facebook Login service is called, and hence daily activity is registered, depends on several factors. Web-based activity relies on authentication tokens that expire on the order of hours, while mobile apps can optionally request tokens that are valid for days, provided the user does not change their password. For some apps, we do see a periodic activity, typically 7 days apart, consistent with longer-term authentication tokens being refreshed. This periodicity is a small effect relative to the overall activity, as we show below. This is likely because other activity, such as posting updates or retrieving public profiles or friend lists, again requires reconnecting. Therefore, Facebook Login provides a reasonable proxy of daily use of the app. It allows us to characterize the app's adoption and retention.
SOCIAL PROPERTIES OF APPS

Popularity and sociality
One question that has been raised previously is how big of a role the social network plays in the adoption of apps. This parameter has been inferred indirectly by Onnela and Reed-Tsochas [15] in their study of the very early adoption of Facebook apps. It is also estimated in the model proposed by Ribeiro [18] , where individuals can drive their friends' adoption and re-engagement.
However, these prior studies did not directly measure whether app adoption was in fact correlated on the network, and so we turn to this task presently. In particular, we would like to place apps in a low-dimensional space that can provide a view for how they are distributed across the social network of users.
To do this, we begin with two basic definitions
• We say that the popularity of an app, denoted p(x), is the probability that an individual selected uniformly at random from Facebook's population is a user of the app.
• We say that the sociality of the app, denoted p(x|y), is the probability that a member of Facebook is a user of the app given that they have at least one friend using the app.
Studying the distributions of p(x) and p(x|y), and how they are jointly distributed across apps, allows us to ask a number of questions. In particular, how socially clustered is the app? And how does it depend on the type of app, or characteristics of the app's users?
Note that if p(x|y) is very high for an app, it means that its user population in a sense "conforms" to the structure of the underlying social network.
Moreover, p(x|y) can in principle be high even when p(x) is low -this would correspond to an app that is popular in a focused set of friendship circles, but not on Facebook more broadly. On the other hand, if p(x|y) is not much more than p(x), then it says that users of the app are spread out through the social network almost as though each member of Facebook independently flipped a coin of bias p(x) in order to decide whether to become a user of the app -there would be no effect of the social network at all.
Plotting apps in popularity-sociality space
An appealing feature of this pair of parameters is that it provides a natural two-dimensional view of the space of all popular apps on Facebook. We show this view in Figure 1 -a heat map showing the density of apps at each possible (discretized) pair of values (p(x), p(x|y)). We see in Figure 1 that the apps fill out a wedge-shaped region in the p(x)-p(x|y) plane, and it is informative to understand what the boundaries of the region correspond to. First, note that if the social network had no relationship to app usage, we would see the diagonally sloping line p(x) = p(x|y); in the plot this corresponds to a line that lies slightly below the diagonal lower boundary of the points in the heat map. Thus, there exists a frontier in the space of apps that is almost completely asocial -those apps that lie parallel to this diagonal line -but essentially no apps actually reach the line; even the most asocial apps exhibit some social clustering. We see this in the approximately horizontal top boundary of the points in the heat map -this is a frontier in the space of apps where knowing that a person x has a friend using the app gives you a fixed probability that x uses it, independent of the app's overall popularity on Facebook. The location of this horizontal line is interesting, since it provides an essential popularity-independent value for the maximal extent of social clustering that we see on Facebook.
Note that the wedge-shaped region in a sense has to come to a point on the right-hand side, as p(x) becomes very large: once an app is extremely popular, there is no way to avoid having pairs of friends using it almost by sheer force of numbers. And given the crowding of app users into the network, there is also no way for the extent of social clustering to become significantly larger than one would see by chance. Number, fraction of users from country X GenderX / P (GenderX )
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Ribeiro et al. [17] proposed a model describing the dynamics of a webservice of daily activity time series, derived from the classical epidemic model and comprised of a set of reaction diffusion processes. The model is specified by a set of parameters, including the estimate of the susceptible population, and the transition probabilities between different states. Ribeiro also outlines a framework for fitting these parameters given a window of time series activity levels, and then uses them to extrapolate and make a long term prediction of future activity levels. We implemented a model very similar to the one described in [17] . We fitted the model using a Monte Carlo process using time series from June 2, 2012 to May 25, 2013 (the same period from which we extract temporal features), and used the fitted model to generate predictions between May 26, 2013 and May 15, 2014.
There are two things we note about the SIRS model. First, as we try to predict the future of apps from a fixed time point, the apps we are studying can be in very different life stages. For example, some apps in our dataset had only existed for a short period of time by the observation day, and thus have very limited time series data to compute a good fit of the SIRS model. Second, some underlying assumptions in the SIRS model, such as the constant rate of user adoption through advertisement or word-of-mouth process, may not hold in reality. As a result, the model would not converge for certain apps, especially the ones that experienced large fluctuations in their lifecycles.
Nevertheless, we were able to fit over two-thirds of the apps in APPSP OP . Among them, 1100 apps had reasonable convergence and error estimates. We then used both the fitted parameters and the predicted time series as our features for this subset of 1100 apps. On that subset of 1100 apps, the relative performance of the other features sets was the same (all combined features yield the highest performance, followed by temporal, then demographic, retention, and finally social).
We find that the features from the SIRS model perform worse than the retention features but better than the social features. Thus, despite the richness of the time-series modeling made possible by the SIR framework, as a feature set it does not perform as well as other measures incorporating temporal properties, including the retention model from the previous section.
Predicting pairwise relative success
Next we formulate a separate but related prediction task, by constructing a pairwise comparison version of predicting app success. Given that two apps have approximately the same monthly active users at t1 (MAU@t1), and by t2 they had diverged from each other, we want to predict at time t1 which app is going to be more successful. We evaluate this problem with a variety of thresholds for what we considered "near-" and "long-"term predictions of MAU. This prediction task is particularly useful when investigating a set of competitive apps in the same market. Intuitively, it is difficult to tell similar apps apart at an early stage [18] . However, by looking at pairs whose outcomes at t2 are successively farther apart, we can control for the difficulty of the task and understand when it becomes feasible to predict such divergence. For the pairwise prediction task we begin by generating a 50-50 train-test split between apps, and represent each pair of apps as a concatenation of two feature vectors, again using the features from Table 2 . We then introduce a subtle variation to make the setup We trained the classifier using all the features, and report the most important ones in each category in the top row ("among all"), and train the classifier with only the features in each category, and report the top opens in lower row ("within class").
more relevant to a real-world scenario. The features and labels used in the training stage are generated using snapshots of our datasets at t0 and t1 = t0 + 6 months, while those used for testing are generated using snapshots at t1 and t2 = t1 + 6 months. This simulates the practical scenario of observing the app population at t1, learning which characteristics of apps lead to their success, and using the learned knowledge to predict the future. Two apps are considered to start off as being "comparable" if they fall into the same decile at t 0/1 (train/test), and are considered "distinct" if they are at least k deciles apart at t 1/2 (train/test). In Figure 10 we see that prediction accuracy increases monotonically with k, and that the best set of features (temporal) ultimately yield 75% prediction accuracy. The other most striking feature of Figure 10 is that for most of the threshold window, all the features yield approximately the same performance. Each set of features, besides demographic, takes a turn at being both the top performer and the lowest. The individual feature analysis that we did was consistent with the observation that this task is not highly sensitive to the choice of features. To analyze which features could best discriminate between positive and negative examples we used the two-sided Kolmogorov-Smirnov test to compare the distributions of each feature for positive and negative examples. We find that, with the exception of a few underpopulated demographic features, the Kolmogorov-Smirnov test finds that each feature is distinguishable between the negative and positive examples with p-values extremely close to zero.
RELATED WORK
Sociologists and economists have long studied the problem of product adoption and retention. Early work in this domain focused on the diffusion of innovations, as people proposed a series of mathematical models to describes the adoption of new products by consumers, such as the "S-shaped" adoption curve [7] and the
